In the 'omic' era, hundreds of genomes are available for protein sequence analysis, and some 30 per cent of all sequences are of membrane proteins. Unlike globular proteins, a 3D model for membrane proteins can hardly be computed starting from the sequence. Why is this so? What can we really compute and with what reliability? These and other matters are outlined.
INTRODUCTION
The different editions of the CASP (Critical Assessment of Protein Prediction Techniques) experiments (five editions every two years since 1994 1 ) showed that building by comparison is a sufficiently reliable approach to compute 3D structures of globular proteins, provided that a suitable template (routinely with a sequence identity with the target .30 per cent) is found in the Protein Data Base (PDB). We also learned that threading methods, as well as building blocks methods, in some instances, have been successful in generating models of globular proteins (CASP3, 4 and 5). This is the only alternative when a homology search finds nothing and a template with defined atomic structure cannot be found for our target sequence. Given this scenario, how far have we got with structure prediction of membrane proteins? Can we seriously think of modelling them as we routinely do for globular proteins? In the following we briefly assess the state of the art of membrane protein structure prediction, hoping that it will shed light on new perspectives and developments.
HOW MANY MEMBRANE PROTEINS HAVE BEEN SOLVED AT ATOMIC RESOLUTION?
Membrane proteins constitute an important part of the cell proteome. They perform basic functions, fundamental for the cell life, including cell signalling, energy conservation and transformation and ion exchange.
2 Membrane proteins are difficult to study. They are inserted into lipid bilayers, and exposed to the polar outer and inner environments portions of different sizes. When isolated from the membrane, membrane proteins are generally less stable than globular ones. It is therefore difficult to purify them in the native, functional form, and more difficult to crystallise them. 3 Historically, it is worth mentioning that Deisenhofer, Huber and Michel were awarded with the Nobel Prize in Chemistry in 1988 for having determined the X-ray structure the photosynthetic reaction centre from Rhodopseudomonas viridis, 4 the first membrane protein solved at atomic resolution. . From the database of structures we know that membrane proteins in different membranes are endowed with two different types of architectures: the socalled all-alpha and beta-barrel membrane proteins ( Figure 1 ). All-alpha membrane proteins solved so far span the lipid bilayer of inner membranes (when the compartment is surrounded by two membranes, eg bacteria, mitochondria, chloroplasts) and cytoplasmic membranes. The transmembrane helices of all-alpha membrane proteins are mainly endowed with apolar surfaces facing the greasy lipid environment, although they can protrude out of the membrane plane with portions endowed with polar/charged residues. 8, 9 In some cases, particularly in ion channels or ion pumps, helices can be also amphipathic, and eventually characterised by a hydrophobic moment. 10 Recently more complicated architectures have been described, including helices spanning only one half of the bilayer, and forming highly selective pores for waters, glycerol and ions. The length of transmembrane alpha helices ranges from 14 (in the Cl channel from Escherichia coli, 1kpk) up to 43 residues (in the same protein). Short helices may be nearly perpendicular to the membrane plane, while long ones may be tilted up to 408.
Beta-barrel membrane proteins were first found in the outer membrane of Gram-negative bacteria, and named porins, since they mediate passive transport of small molecules into the periplasmic space. 11 Since then, other functions have been reported for these proteins, including active translocation of large nutrient molecules, export system, secretion and virulence. 12 In outer membrane proteins, the protein chain interacts with the membrane phase with typical beta-barrel structures, comprising an even number of antiparallel beta-strands, ranging from 8 (OMPX, 1qj8 and OMPA, 1qjp from E. coli) to 22 (FhuA, 1fcp; FepA, 1fep; FecA, 1kmo, from E. coli). The shear number increases at increasing number of strands in the barrel (from 8 to 24 11, 12 ). In spite of the different functions, and negligible sequence identity, it appears that the barrel architecture is rather conserved, changing only the number of strands in the barrel. This is different from that observed for the all-alpha membrane proteins, where the relative orientation of transmembrane helices is different in the different proteins. 8, 12 In summary, there are very few templates for membrane proteins; those that exist perform a small subset of the functions that membrane proteins perform. Unfortunately, unless our chain is very similar to one of the proteins in the database, we will not find templates suited for adopting a building-by-homology procedure.
Shall we then give up and 'start loving lysozyme' as Dr K. does? Dr K. is the middle-aged biochemist with a certain interest in membrane proteins, who realises in the six-act tragedy written by Gunnar von Heijne 13 that it is too difficult to work with membrane proteins, from any perspective, including the computational approach. Figure 1 : Some structures of all-alpha and beta-barrel membrane proteins in the PDB database
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PREDICTING TOPOLOGICAL MODELS FROM THE PROTEIN SEQUENCE: THE STATE OF THE ART
Most of the computational methods presently available allow two basic features of membrane proteins to be predicted: topography (the location of transmembrane domains along the protein chain) and topology (the location of the N and C terminus with respect to lipid membrane). Topological models are sufficient in many instances to design experiments in order to prove to a certain extent (or correct) the location of the inner and outer loops with respect to the membrane, and concomitantly the number of transmembrane segments.
14 Presently we can count on two basic different types of predictors:
15 those based on propensity scales and those based on machine learning approaches such as neural networks and hidden Markov models. 16 Propensity scales date back to the 1960s when, either on statistical basis or after experimental evaluation of thermodynamic free energy of transfer from polar to apolar environment, each residue of the 20 in the protein chain could be coded with a certain scale value (depending on the scale type). A sliding window of variable amplitude, containing an odd number of residues allows the propensity value to be averaged and assigned to the central residue. This procedure leads to the so-called propensity plots. In the case of membrane proteins the most popular scale is that of Kyte and Doolittle, 17 which allows a typical plot, highlighting putative hydrophobic regions along the protein chain. These regions may or may not be associated with transmembrane alpha helices. (This method is extremely useful for highlighting chemico-physical properties but not structural properties of the membrane protein; the correlation with the putative location of the transmembrane alpha helices is good only when they are made of highly hydrophobic stretches, and this is not always the case, eg ion channels.)
Machine-learning approaches have been introduced to predict membrane protein topography and topology after their successful application in the field of protein secondary structure prediction. 18 All the machine learning methods described so far are based on neural networks (NNs), hidden Markov models (HMMs) or their ensemble. Their implementation requires: (i) the selection of a training set with little homology to the testing set; (ii) a training phase where the variable parameters of the algorithms are adjusted to fixed values, according to a learning procedure; and (iii) a testing phase, when the system is scored according to statistical indices (and for comparison among the different methods, when they are described in the literature). Either a jack-knife or a cross-validation procedure is adopted in order to perform the training and testing simultaneously; also, in some cases, a blind test is adopted to further validate the method. It should be emphasised that feed-forward neural networks are generalising over local contexts of the sequence, whereas hidden Markov models describe a global model. With a neural network-based approach, each residue in the sequence is predicted to be or not to be in transmembrane state (the probability of the state is computed by the algorithm); with an HMM it is possible to compute the emission probability from a state and the transition probabilities between states, after they have been defined to describe the global features of the transmembrane chain (inner loop, outer loop, transmembrane regions, interface regions). 19 Topological models can be computed after predicting the protein membrane topography, with specific rules. The most popular for the all-alpha membrane proteins is the positive-inside rule. 8 For beta-barrel outer membrane proteins, in Gram-negative bacteria, the longest loops are generally exposed to the external phase. 20 topography, which is then obtained with specifically implemented rules and dynamic programming. In the case of HMM, the topological model is derived from the prediction, according to an optimisation algorithm or again after dynamic programming. 21 All methods improve the predictive performance when evolution information in the form of sequence profile, computed from multiple sequence alignment, is used as input. 18 Also a dynamic programming filter for locating the transmembrane segments can increase the scoring of all the methods. 22 
NN-based methods can predict the

PREDICTION OF THE TOPOLOGY OF ALL-ALPHA MEMBRANE PROTEINS
Several methods have been described and are available on the web, based on propensities specifically evaluated for prokaryotes and eukaryotes, with neural networks and HMMs (for review, see Chen et al. 15 ). In addition to propensity scales, recently developed and experiment-based scales (MPXe) make it possible to account, for example, for the effect of buried salt bridges on hydropathy plots results. This is important when considering proteins involved in ion transport, and it can also predict the membrane protein topology, when used in combination with other scales (MPtopo). 23 Recently all the possible methods available to predict all-alpha membrane protein topology were revisited and evaluated in the extended 'treatise' of Chen et al. 15 Conclusions were that lowresolution experiments (on whose results all the methods tested have been trained 24 ) were not much more accurate than predictive methods (scales, neural networks, HMMs). 'Some methods are better; none is clearly the best' is one of the subtitles, along with 'simple hydrophobicity-based methods less accurate than advanced methods'. For the sake of curiosity (and also to fill a gap), we defined a subset of the PDB database of all-alpha membrane proteins known at atomic resolution with low sequence identity, and implemented an ensemble of predictors (Ensemble, consisting of NN and HMMs, Figure 2) . 25 This was done to take advantage of both local and global information, when training the system, and also considering that predictors based on NNs and HMMs reach similar performances; however they make errors on different proteins, therefore their ensemble should improve the predictive performance. The performance of Ensemble is compared with that of the available web methods (Table 1) . One should consider that the 59 protein chains we used are correctly tested with a crossvalidation procedure only in house (with Ensemble).
To our knowledge, most of the predictors available through the web have at least some of the high-resolution chains in training sets. The results ( Table 1 ) tell us that for this high-resolution set, the new method Ensemble 25 performs better than the other web methods, as expected. This is especially so considering that only Ensemble is used by adopting a crossvalidation procedure. It is worth noticing that when the Kyte and Doolittle scale is adopted on the sequence profile the results are quite surprising. However, it must be kept in mind that most of the helices predicted are hydrophobic. Also, since all the methods described so far mispredict signal peptides as transmembrane alpha helices, we presented mature sequences to all the predictors, counting on the fact that wellperforming signal peptide predictors are available, 32 and that they can be easily integrated in a suite of programs. 33 
PREDICTION OF THE TOPOLOGY OF BETA-BARREL MEMBRANE PROTEINS
Beta-barrel membrane proteins have been predicted with methods similar to those implemented for all-alpha membrane proteins. First, residue-based propensity scales were derived and statistical methods were described. 11, 12 However, the residue composition of transmembrane beta strands is not much different from that of globular beta strands, and the pattern is less distinguishable than that of a typical transmembrane alpha helix compared with a globular one. 34 Therefore predictions are endowed with a high rate of false positives (overprediction) that neural networks can only partially mitigate. 20 Only a HMM-based predictor, using multiple sequence profile as input, was capable of discriminating between globular and beta-barrel membrane protein with high sensitivity (85 per cent) and low rate of false 29 †KDS and KDM: KD scale using single sequence or sequence profiles, respectively, and a dynamic programming filter 22, 30 . {Q topography : fraction of proteins whose topography is correctly predicted. }Q topology : fraction of proteins whose topography and topology are correctly predicted. }SOV: superimposition index. ... ...
ENSEMBLE
3D structure prediction
Structural genomics and wide scale analysis positives (10 per cent, with specificity equal to 90 per cent). 35 The prediction of a blind test is shown in Figure 3 .
. . . AND 3D MODELLING?
Recently a novel knowledge-based method was applied to the prediction of small membrane protein structures. 36 The method assembles supersecondary structural fragments taken from a library of atomic-solved transmembrane alpha helixes with a simulated annealing algorithm. The membrane potential is added to classical energy terms, and derived from a statistical analysis of a selected database of membrane proteins. This adds to previous simulations and 'still need[s] to be improved to handle large transmembrane structures', as the authors conclude.
For beta-barrel membrane proteins, developing the first 3D low-resolution model of an eukaryotic mitochondrial porin was easier. 37 First the topography of the target sequence was predicted and then a template was selected from the PDB database of prokaryotic porins with the same number of strands in the barrel. Alignment was done overlapping the topography, and essentially a building by homology procedure was applied. The model was then refined and checked against experimental data available in the literature.
WIDE-SCALE GENOME ANALYSIS
A good exercise for predictors is to screen whole genomes for membrane proteins and generate lists of sequences that eventually can be used by molecular biologists. 21, 28, 38 A major requirement in this case is that the predictor is endowed with low rates of false positives and negatives. 39, 40 Often this issue is neglected and conclusions from this type of experiments should be taken with care.
Prediction methods such as TMHMM 21 and HMMTOP 28 identify the helix bundle membrane proteins encoded in fully sequenced genomes with very high precision (sensitivity and specificity both around 95 per cent). Topology prediction is also quite good (correct predictions 65-70 per cent of the time).
New topologies have been also determined by a combination of topology predictions and standard experimental approaches such as PhoA-or GFPfusions. 14 
HUNTER,
33 similarly based on neural networks and HMMs, clusters all-alpha and beta-barrel membrane proteins simultaneously with sensitivity of 92 and 82 per cent and specificity of 97 and 99 per cent, respectively. The data, obtained with different predictors, indicate that the content of allalpha membrane proteins amounts to 20-25 per cent of the proteomes. The betabarrel membrane protein content in Gram-negatives is much lower than that of all-alpha membrane proteins (1-2 per cent), rather irrespectively of the species.
AND NOW?
Well, Dr K. (the middle-aged biochemist of Gunnar von Heijne) met perhaps a too-easy-going bioinformatician. The bioinformatics whizz kid claimed that with five minutes' work a 3D model of a membrane protein could be produced. When Dr K. realised that this was not the case, prompted by other frustrations as well, he gave up membrane proteins for globular ones. We would like to moderate this end and give hope to all the biochemists working with membrane proteins. Their work is precious since without them all the modelling work would neither be possible nor be validated (proved or disproved). We firmly believe that the near future will give us many more membrane protein structures on which to test our predictors and with which to develop new ones. Hopefully, the goal is that a 3D model of a membrane protein, albeit wrong, will be produced, if not in five minutes, then at least in one hour.
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